For cancer and many other complex diseases, a large number of gene signatures have been generated. In this study, we use cancer as an example and note that other diseases can be analyzed in a similar manner. For signatures generated in multiple independent studies on the same cancer type and outcome, and for signatures on different cancer types, it is of interest to evaluate their degree of overlap. Many of the existing studies simply count the number (or percentage) of overlapped genes shared by two signatures. Such an approach has serious limitations. In this study, as a demonstrating example, we consider cancer prognosis data under the Cox model. Lasso, which is representative of a large number of regularization methods, is adopted for generating gene signatures. We examine two families of measures for quantifying the degree of overlap. The first family is based on the Cox-Lasso estimates at the optimal tunings, and the second family is based on estimates across the whole solution paths. Within each family, multiple measures, which describe the overlap from different perspectives, are introduced. The analysis of TCGA (The Cancer Genome Atlas) data on five cancer types shows that the degree of overlap varies across measures, cancer types and types of (epi)genetic measurements. More investigations are needed to better describe and understand the overlaps among gene signatures.
Introduction
For cancer and many other complex diseases, profiling studies have been extensively conducted, measuring multiple layers of molecular activities. Available measurements include gene expression, miRNA, methylation, copy number alteration (CNA), phosphorylation, protein expression and others. In this article, we use cancer as an example because of its clinical importance and the huge amount of recently generated cancer profiling data. For multiple cancer types, a large number of gene signatures has been generated for various outcomes and phenotypes.
Different from many published studies, the focus of this study is not on generating more gene signatures but on measuring the degree of overlap of two (or more) signatures. Analyzing the degree of overlap is important in multiple scenarios. First, consider gene signatures generated on the same cancer type and outcome in multiple independent studies. The reproducibility of gene signatures, or equivalently their high degree of overlap across studies, is an essential requirement for potential clinical usage [1] . For major cancer types such as breast cancer [1] , lung cancer [2] and non-Hodgkin lymphoma [3] , there are multiple review articles discussing the overlap of gene signatures across studies. Second, consider gene signatures on different cancer types and outcomes. Multiple studies have examined whether the signatures of two or more cancers have overlap [4] . Such overlap has many important implications. For instance, the degree of overlap has been used to reclassify diseases [5] . Two diseases belong to the same class if their signatures have a high degree of overlap. In cancer studies, the overlapped genes have been suggested as representing the more essential features of cancer. Studies such as the human disease network (HDN) [6] define the pairwise 'distance' between diseases using their gene signatures. It has been conjectured that diseases 'close' to each other at the molecular level can be treated using similar strategies. From both practical and scientific perspectives, it is important to accurately quantify the degree of overlap of gene signatures.
Two types of analyses have been conducted to measure the degree of overlap. The first is more biological [7] . Studies of this kind examine the biological functionalities of gene signatures (for example, the enriched pathways or represented molecular functions) by interrogating KEGG, GO and other databases. This type of analysis is limited by our partial or even wrong knowledge regarding the biological functions of genes. In addition, it is difficult to develop a mathematically rigorous measure based on the biological functions. The second type of analysis is more statistical. In quite a few published studies [4, 8] , the number and percentage of overlapped genes between two signatures are calculated. Such statistical analysis does not demand extensive knowledge of biological functions and is very easy to conduct. However, simply counting the number of overlapped genes has limitations. Different genes can have highly similar biological functions and strongly correlated measurements. Since they are different genes, they are not counted as overlapped in the signatures. However, from a biological or statistical perspective, they should be counted as 'partially overlapped'. Another limitation shared by the existing statistical analyses is that the impact of tuning parameters-which are needed for many methods-on the degree of overlap has not been given attention [8] .
In this article, we will introduce multiple measures for quantifying the degree of overlap of two gene signatures. Although the overlap of signatures has been discussed in published studies, there is still no mathematically rigorous definition of 'overlap'. Thus, it is prudent to develop multiple measures, which have different statistical interpretations and cannot replace each other. In addition, they quantify overlap both at fixed tunings and for a sequence of tunings along the solution paths. The analysis of The Cancer Genome Atlas (TCGA) data demonstrates that they lead to results different from those using the simple method.
TCGA data
The overlap measures were applied to the TCGA (https://tcgadata.nci.nih.gov/tcga/) data. To clearly set up the analysis framework, we will first describe the data sets. TCGA is a combined effort by multiple research institutes organized by the National Cancer Institute (NCI). The tumor and normal samples from >6000 patients have been profiled, covering 37 types of (epi)genetic and clinical data for 33 cancer types. Comprehensive profiling data have been published on cancers of the breast, ovary, skin, head/neck, lung and other organs and will soon be available for many other cancer types. TCGA data were chosen for multiple reasons. With rigorous control by the NCI and individual institutes, the data are of high quality. And with almost unified data generation protocols, the comparability across cancers/data sets is much higher than that of other studies. In our previous study [8] , we analyzed the Gene Expression Omnibus (GEO) data and found a low degree of overlap within and across cancers. However, as GEO data sets were generated independently under different protocols, their data quality varies significantly. It is hard to determine how much of the low overlap is attributable to the low data quality. This problem is much alleviated with TCGA. In addition, TCGA data are multidimensional, with gene expression, CNA, methylation, miRNA and other types of (epi)genetic measurements on the same subjects. They are more comprehensive than data with a single type of measurement. And they are being analyzed by multiple research groups, making them an ideal testbed.
With TCGA, it is possible to conduct analysis on multiple gene signatures of the same cancer type. However, TCGA is unique in that it provides an opportunity to study multiple cancer types. Specifically, as shown in Table 1 , we analyzed prognosis data on five cancer types: breast cancer (BRCA), glioblastoma (GBM), leukemia (LAML), lung cancer (LUSC) and melanoma (SKCM). Such data have measurements on overall survival, clinical and environmental variables (details provided in the Supplementary Appendix), gene expressions, methylation and CNAs. miRNA data are also available. However, as the number of miRNAs measured for two or more cancer types is extremely small, miRNA data were not analyzed. The five cancer types were chosen because of their clinical importance and because their data have been analyzed multiple times in the literature.
Data processing
All data analyzed in this study are publicly available and downloaded from TCGA Provisional using the CGDS-R package. For (epi)genetic measurements, processed level 3 data were downloaded. The following processing was conducted before analysis. In the first step, we conducted the within-cancer processing of data on each cancer type separately using the same approach. Take the BRCA data as an example. As shown in Figure 1 , for clinical data, we removed samples with missing overall survival times. For (epi)genetic data, the missing rates are low. We conducted imputation and filled in missing values with medians across samples. Then clinical and (epi)genetic data were merged using sample ID. In the second step, as the goal was to compare gene signatures across data sets (cancer types), we conducted across-cancer processing. The flowchart for processing gene expression data is shown in Figure 1 . CNA and methylation data were processed similarly. We first identified the 13 835 gene expressions measured in all five data sets.
In principle, we can analyze all these genes. However, as the number of genes associated with cancer prognosis was expected to be small, to improve stability, we conducted a marginal screening and selected the top 2500 gene expressions for downstream analysis [9] .
Generating gene signatures
The processed data were analyzed to generate gene signatures. A large number of methods are applicable for such a purpose. We refer to published studies [10] [11] [12] for relevant discussions. Briefly, there are two families of methods. The first family analyzes one genetic unit (gene, methylation locus, etc.) at a time and selects the top-ranked ones using, for example, marginal P-values and the false discovery rate approach. The second family jointly analyzes a large number of genetic units in a single model. In the article, we used Lasso, which is a joint analysis method, to generate gene signatures [11] . Lasso is perhaps the most popular penalization method and has been used in a large number of cancer genetic data analyses [10] , including a recent TCGA study [9] . A closer examination of the measures described in the next section reveals that they are directly applicable to gene signatures generated using other methods.
For a prognosis data set, denote T as the survival time and C as the random censoring time. Under right censoring, one Multiple software packages are available for computing the Cox-Lasso estimates. In our numerical study, we used the R package glmnet. With Lasso, many components ofb are exactly zero, and only a small number of genes with nonzero coefficients are included in the model. The identified set of genes depends on the tuning parameter k. Specifically, a smaller value of k leads to more genes with nonzero estimated coefficients. The dependence of identified genes on tuning is also true for many other methods. For example, with the popular marginal Measures for the degree of overlap | 737 analysis approach, the cutoff of P-value can be viewed as a tuning. For the boosting, thresholding and other joint analysis methods, there are also one or multiple tunings.
Prediction analysis
To further motivate examining the overlap of gene signatures across cancer types, we conducted prediction analysis. The flowchart is shown in Supplementary Figure A1 . Consider two cancer types, say A and B. The analysis consisted of the following steps: (a) randomly split cancer A data into a training set and a testing set with sizes 3:1; (b) conduct withincancer prediction: (b.1) apply the Cox-Lasso method to the training set; (b.2) use the training set model to make a prediction for the testing set subjects. Compute the logrank statistic to quantify prediction performance [9] ; (c) conduct across-cancer prediction: (c.1) apply the Cox-Lasso method to the data on cancer B; (c.2) using the cancer A training data and genes identified in (c.1), fit a Cox model; (c.3) using the model generated in (c.2), make a prediction for the cancer A testing data in the same manner as in (b.2); (d) repeat (a)-(c) 100 times. In each split, two logrank statistics are generated. The one generated in (b.2) measures prediction performance in an 'ordinary' way: the model and genes are identified using cancer A training data and used to make a prediction for cancer A testing data. The second logrank statistic, generated in (c.3), differs from the first one and those in published studies. Specifically, the genes are identified using cancer B data but used to make a prediction for cancer A subjects. If the two cancers have no similarity at the molecular level, then insignificant prediction should be expected in (c.3).
The prediction results are shown in Supplementary Table A1 . Most of the across-cancer logrank statistics are not significant. (The logrank statistic has a chi-squared distribution with degree of freedom one. A logrank statistic >3.84 is significant at the 0.05 level.) However, there are a few significant or close-to-significant ones. For example, the across BRCA and SKCM logrank is 4.837. Although prediction and gene signature construction are different analysis goals, the across-cancer prediction may still suggest that the signatures of some cancers have overlap.
Measures of the degree of overlap between gene signatures
Different gene signatures contain a different amount of information. Some contain information on the set of identified important genes, their estimates and significance level. As shown in Table 1 , different data sets can be generated using different platforms (for example, three different platforms have been used for gene expression), and the measurements are not directly comparable, leading to incomparable estimates. For joint analysis methods including Lasso, inference techniques are still being developed, and there is a lack of consensus. Thus, in what follows, we focus on evaluating the degree of overlap of the sets of identified genes. In principle, we can evaluate the overlap of multiple signatures. For description simplicity, we compared two gene signatures. To facilitate future applications, the analysis code is available at http://works.bepress.com/shuangge/48/.
Measures at fixed tuning
With Cox-Lasso, the tuning parameter is not specified a priori and needs to be chosen data-dependently. In the data analysis, we chose k using cross validation, which is the default in glmnet. For some other methods (for example, marginal analysis), the tuning parameters can be pre-fixed but can also vary.
Denote X A and X B as the matrices of gene expressions for cancers A and B, respectively. Consider the Cox-Lasso estimates at the optimal tuning parameter values. For cancer A (B), denote IA (IB) as the index set of identified genes with size p (qÞ. Further, denote X IA A as the sub-matrix of X A corresponding to IA. Assume n iid samples for cancer A.
Index-based measure
This measure has been adopted in multiple published studies [8] and serves as a benchmark here. It starts with simply counting the number of genes identified in both signatures. Taking into account the sizes of IA and IB, it is defined as
The numerator and denominator are sizes of the intersection and union, respectively, similar to the Jaccard index [13] . This measure has the strictest definition of overlap. Despite its simplicity, it has limitations. Consider a scenario in which two different genes have highly correlated measurements, which is not uncommon in practice. This measure counts such genes as different (not overlapped). However, from a statistical modeling perspective, they should be counted as 'similar' or 'partially overlapped'. The following measures are motivated by such a consideration.
Rank-based measure
With Cox-Lasso and many other methods, the covariate effects are linear combinations of selected genes. Mathematically, if any linear combination of variables in the first set can be written as a linear combination of variables in the second set, these two sets are linearly equivalent. Motivated by such a consideration, we developed the rank-based measure, which quantifies the degree of overlap based on the similarity of two variable sets in a linear sense. Specifically, with X IA A and X IB A , which are sets IA and IB on X A , the measure is defined as
where rð:Þ denotes the rank of a matrix. This measure has the following properties. When IA and IB are linearly equivalent, m higher value corresponding to a higher degree of overlap. Note that m 2 defined above is calculated using the observed gene expressions on cancer A. Using the cancer B data, another measure can be computed in the same manner and is not necessarily equal to the one computed above. This may be inconvenient in practice but is reasonable. The observed rank, computed on a finite sample, is a stochastic realization of the population rank. It is expected that, as the sample sizes grow, the two measures computed using cancers A and B data will converge to the same population value, and hence the discrepancy will disappear. In practical data analysis with finite sample sizes, we suggest computing two m 2 values, using data on can- 
R-squared-based measure
The above measure is built on the correlation between two individual genes. Another scenario of correlation is that a gene in IA is correlated with a linear combination of multiple genes in IB, not necessarily a specific gene. This R-squared-based measure starts with regressing a gene in IA onto genes in IB. The R-squared statistic of this regression is then calculated, with a higher value indicating a higher correlation. When q is moderate to large compared to the sample size, the ordinary least squares estimation and calculation of R-squared cannot be straightforwardly conducted. To solve this problem, we resorted to penalized regression. Define the Lasso estimate for gene i in IA aŝ
jg j jg, where g is a q Â 1 vector of regression coefficients. The R-squared statistic was then calculated using only variables corresponding to the nonzero components ofĝ. With the regularized regression and R-squared statistics, the degree of overlap measure is defined as
The cutoff of 0.5 can be somewhat subjective. In practice, users may change this cutoff if warranted.
Remarks Four measures have been described. They take different angles. The first, the index-based measure, is more 'mechanistic' and only accounts for the identity of genes but not their values. The rest are built on the values of genes and, with finite sample sizes, also depend on whether data on cancer A or B are used.
The rank-based measure is on the overlap of linear spaces spanned by the two gene sets. The correlation-based measure is built on the pairwise similarity of genes. And the R-squaredbased measure is built on the similarity between a gene and a set. There are multiple other ways of defining correlation [15] . The ones described above perhaps have the simplest definitions and are the most commonly adopted.
Measures that use the whole solution paths
Analyzing gene signatures at fixed tunings may face problems. First, multiple approaches can be used to choose the tuning parameter with Lasso as well as other estimation methods, and different approaches lead to different tunings. Thus, the gene signatures and their overlap depend on the tuning selection approach. Cross validation is the default in glmnet, but other approaches (such as Generalized Cross Validation (GCV) and Bayesian Information Criterion (BIC)) have also been extensively used. Second, the analysis may lack stability. A small deviation from the selected tuning may result in a significant change in the identified gene signature and, hence, overlap. With Cox-Lasso, when we vary the tuning parameter, a sequence of estimates can be generated, which is referred to as the 'solution path' in the literature [16] . A sample plot of the solution path (GBM data, gene expression measurement) is shown in Supplementary Figure A2 . Recent studies suggest that estimates corresponding to other tuning parameter values can provide information beyond what is selected using cross validation [17] . Let k max be the smallest value of tuning under which all components of b are estimated as zero. Let k min be the minimum value of k, set as 0:01k max . Along the solution path, we select K equally spaced tuning parameter values. In the numerical study, we set K ¼ 500:
Integrate the point-wise measures along the solution path For each data set (cancer type) along the solution path, we now have K sets of genes identified using Cox-Lasso. For cancers A and B, denote the K index sets as fIA 1 ;. . .; IA K g and fIB 1 ;. . .; IB K g. We proposed first evaluating the degree of overlap between IA k and IB k for each k and then summarizing across the K measures. We noted that the tuning parameter values corresponding to each k for cancers A and B are different. However, since they occupy the same position between the smallest and largest tunings, they roughly represent the same degree of regularization. Hence, it is meaningful to compare IA k and IB k . At each k, measures m l ðl ¼ 1; ::; 4Þ can be computed as described in the last section.
It is not appropriate to simply sum up the m l values along the solution path. Estimates with tunings close to the optimal can be more informative than those with very small/large tunings (which select a large/small number of genes). Motivated by such a consideration, we proposed the weighted sum measure of the degree of overlap as Further, c is the point of optimal tuning. This weight function
Measures for the degree of overlap | 739 has the following properties. The sum of all weights is equal to 1. The largest weight is assigned to the point of optimal tuning. The weights get smaller as the tunings get away from the optimal. A linear-decreasing function is used for simplicity.
Frequency-based measure
The above integrated measures are the weighted sums of K measures. Loosely speaking, if a gene is included in more of the K Cox-Lasso estimates, it has more contributions to the K individual overlap measures and hence to the integrated measures. This observation shares a similar spirit with that of quantifying the relative importance of genes based on their reproducibility (stability) [18] . Motivated by the role reproducibility plays in gene signatures, we proposed the frequency-based measure, which is calculated as follows: (a) For cancer A and cancer B separately, compute the K Cox-Lasso estimates as described in the above sections. This measure has been partly motivated by published studies [19] . Its value gets larger if there are more genes with higher rankings for both cancers. It is not strongly related to the measures defined in the above sections and has different magnitudes and interpretations.
Remarks
The concept of gene signature overlap has been discussed multiple times in the literature. However, there is still no rigorous mathematical definition. Because of that, it is prudent to develop multiple measures to address overlap from different angles. The proposed measures have different definitions and, as to be shown below, lead to different numerical results. Choosing a proper measure in practice needs to be done on a case-by-case basis and heavily depends on the analysis goal. When there is high confidence in the selected tunings, the measures at fixed tunings should be adopted. Otherwise, those integrating over solution paths are preferred. When it is desirable to stress the contribution of individual genes to overlap, the correlation-and R-squared-based measures should be adopted. Otherwise, the rank-based measure is appropriate. In some studies, reproducibility is emphasized, which calls for the frequency-based measure. With these considerations, we do not expect a universally optimal measure for practical data sets. The differences in measures mostly stem from the different aspects they address. To facilitate application, we have developed the above measures with computational simplicity and intuitive interpretability in mind. We acknowledge that there can be other measures but likely with more complicated formulations. The proposed measures provide point estimates of overlap. In statistics, downstream analysis would include inference (significance level). Our literature search suggests that no published study has examined the inference aspect of gene signature overlap. We conjecture that it is possible to apply a permutation approach and conduct inference. However, we note that statistical inference with high-dimensional data, even the 'simple' Lasso estimate, is still being debated. Thus in this study, we focus on estimation and do not pursue the inference aspect.
Analysis of TCGA data
We analyzed the TCGA prognosis data on five cancers. There are a small number of recent studies developing integrative gene signatures that are composed of multiple types of (epi)genetic measurements. Here, we took the more common approach and analyzed each type of measurement separately.
The results on the degree of overlap evaluated at the optimal tunings are shown in Table 2 . We also 'decomposed' Table 2 and present the results on each measure separately in Supplementary Table A2a-d. Multiple observations have been made.
The first is that different measures lead to different conclusions. Take gene expression data for BRCA and LAML as an example. The index-based measure is 0, indicating that there is no gene identified in both signatures. The rank-based measure is 0.049. The union of the two identified gene sets has a rank of 41, while the intersection has a rank of 2, suggesting a small but nonzero overlap of the two signatures. In all, 35.9% of the pairwise correlations are statistically significant. None of the R-squared statistics is >0.5. The proposed rank, correlation and R-squared measures identify small but nonzero overlap not observable with the index-based measure. The second observation is that different types of (epi)genetic measurements lead to different results. Again, take BRCA and LAML as an example. For gene expression, methylation and CNA, the rank-based measures are 0.049, 0.118 and 0.1, respectively. The dimension of methylation measurements is much lower than that of gene expression and CNA. However, we do not believe this causes the higher degree of overlap of the methylation signatures. For example, for GBM and LUSC, the methylation signatures actually have a lower rank-based measure. Different types of (epi)genetic measurements describe different molecular activities. Gene expression is regulated by CNA and methylation, as well as other known and unknown mechanisms. CNA and methylation affect prognosis by regulating gene expression. In addition, they can also modify molecular profiles by influencing DNA profiles, without 'passing' gene expression. With different types of (epi)genetic measurements containing different information on prognosis, it is reasonable that their signatures have different degrees of overlap. The third observation is that, in general, the degree of overlap is low. This is reasonable, as there is no strong evidence that the five cancers share highly related molecular mechanisms. The fourth observation is that the matrix in Table 2 is not symmetric, suggesting a need to compute the overlap measures in both directions.
The results on the degree of overlap evaluated along the solution paths are shown in Table 3 and Supplementary Table A3 . Some observations are similar to those in Table 2 . Specifically, different measures and different types of (epi)genetic measurements lead to different conclusions, and the matrix is asymmetric. To facilitate a more graphical comparison of the results in Tables 2 and 3 , in Supplementary Figure A3 we pool the results across cancer types for each type of measure and plot the boxplots. For the correlation-based measure, the results at the optimal tunings and those integrating across the solution paths have similar distributions. However, for the other three measures, the distributions are significantly different. Namely, the measures that integrate along the solution paths tend to be higher. Along the solution paths, there are many other models beyond those at the optimal tunings. The higher degrees of overlap (of the integrated measures) observed in Supplementary Figure A3 suggest that the gene signatures at tunings other than the data-selected optimal have higher overlap.
The results on the frequency-based measure are shown in Table 4 . Take BRCA and GBM as an example. We first compared the lists of genes (methylation loci, CNAs) identified across the whole paths. For gene expression, methylation and CNA, the numbers of overlapped indexes are 12, 94 and 91, respectively. When we used the Jaccard index to account for the sizes of signatures, the degree of overlap of methylation signatures was much higher. However, the result was reversed with the frequency-based measure, under which the CNA signatures have a higher degree of overlap. This observation suggests that, for this specific analysis, the Jaccard index-based result may lack stability, and the frequency-based measure can provide additional information beyond the other measures. In Supplementary Figure  A4 , for BRCA and GBM, we plotted the frequencies of genes identified along the solution paths. For gene expression, there are only a few genes with high frequencies for both BRCA and GBM. However, for methylation and CNA, there are quite a few genes with high frequencies for both cancers. As described above, the genes with high frequencies for both cancer types make the main contribution to the overlap. In viewing Supplementary Figure A4 , we can identify which genes lead to the overlap of signatures for GBM and BRCA.
Even though different measures quantify the overlap from different aspects, it is still of interest to quantify the consistency among measures. In Supplementary Table A3 , we present the correlation coefficients between the overlap measures. It is observed that all correlation coefficients are positive, indicating overlap results in the same 'direction'. Correlations tend to be higher within each type of measures (at optimal tuning, across path and frequency based) than across different types of measures. In general, the measures that take the whole path into consideration are more highly correlated than those at the optimal tuning. Overall, Supplementary Table A3 suggests reasonable consistency across different overlap measures.
Biological interpretations
We have also looked into possible biological interpretations of the overlap results. The five cancers occur at different organs. A literature search does not suggest any strong evidence of two or more of them being caused by the same molecular changes. Thus it is reasonable that the overlap measures are mostly small to moderate. On the other hand, there are also abundant evidences in the literature showing that the five cancer types can be connected at the molecular level. For example, it has been suggested that GBM is 'correlated' with breast cancer [20] , and such correlation is partly attributable to genes regulating sex hormones. Cilia gene dysregulation has been associated with GBM, breast cancer, lung cancer and several other cancer types [21] . Gene NF1 has been suggested as important in the prognosis of GBM and melanoma. Gene ERBB2 plays an important role in GBM and breast cancer prognosis. Genes TP53 and PIK3R1 are important in the prognosis of multiple cancer types including those analyzed in this study. BRCA2, a hallmark gene of breast cancer, is also implicated in the progression of leukemia [22] . Family history of breast cancer is a risk factor for leukemia, suggesting their possible genetic connections [23] . Patients with breast cancer or melanoma have a significant higher risk of developing the other. Genetic factors are expected to play a role in such a correlation. Genes possibly shared by breast cancer and melanoma have also been identified by Wang and others [24] . A study conducted by Yanaihara and others [25] has looked into the correlation between lung cancer and leukemia and attributed that correlation partly to microRNAs. Genetic changes that can lead to the Li-Fraumeni syndrome may be associated with the progression of breast cancer, leukemia and several other cancer types. Genetic changes on chromosome 9p have been suggested as associated with melanoma, GBM, lung cancer and leukemia [26] . Genes in the RAS-BRAF pathway have been implicated in the progression of multiple cancer types, especially including lung cancer and melanoma [27] . The EGFR pathway has been implicated in the prognosis of multiple cancers including those analyzed. Table 2 . Degree of overlap between the signatures of different cancer types measured at the optimal tunings
Studies reported in the aforementioned references and in the literature suggest that it is plausible to observe overlaps of gene signatures for the five analyzed cancers. However, the published studies have been mostly focused on a small number of genes, and it is not possible to infer the overall overlap of gene signatures from those studies.
Remarks
Published studies [6, 28, 29] have suggested that even a small overlap in gene signatures may have important implications. Thus, the presented results can still be valuable. In the literature, the existing studies on gene signature overlap have focused on the overlap of individual genes (i.e. the index-based measure). With a few overlapped genes, the study authors have been able to examine the downstream products of the overlapped genes to draw biological conclusions and conduct functional validation studies. This study has an analytic nature. We acknowledge the limitation of not being able to conduct biological validation, which should be the ultimate criterion for evaluating the analysis results. The proposed measures may face challenges not encountered by the simple indexbased measure. Specifically, they are on the overlap of whole gene signatures. With the great heterogeneity across cancer types, we do not expect two cancers to have highly overlapped gene signatures. It is not entirely clear how to design functional studies to validate the partial overlap of gene signatures. All of the proposed measures are sums of individual terms. Potentially, as a remedy to the aforementioned problem, we can examine each term, identify which terms contribute more to the overlap, and examine the corresponding genes. For example in Supplementary Figure A4 , those genes with their names marked are potentially more interesting.
Discussion
For many complex diseases, a large number of gene signatures have been generated. Recent effort has been devoted to evaluating the degree of overlap of gene signatures. However, most of the existing analyses have focused on the index-based measure, which has multiple limitations. The main addition of this study to the literature is a set of new measures, which have very solid statistical basis and can overcome some of the limitations of the index-based measure. All of the proposed measures have intuitive interpretations and can be easily realized. To facilitate their applications, we have also made the computer code publicly available. The analysis of TCGA data demonstrates that the new measures can lead to conclusions different from using the simple index-based measure. This observation suggests that some conclusions on gene signature overlap, for example, those on GEO data [8] and in HDN studies, may need to be reexamined.
In this study, we used cancer prognosis data as an example. The proposed measures are directly applicable to other diseases and other types of data (etiology, continuous biomarker, etc.). We used Lasso as the tool for generating signatures. The proposed measures are also directly applicable to other analysis methods. In the data analysis, we observed different results for different cancer types, different types of (epi)genetic measurements, different measures and different approaches. There is a lack of a clear pattern. Such results are reasonable. Different measures quantify different aspects of gene signatures. Multiple measures will be needed to comprehensively describe the relationship between two signatures. We have not tried to match the overlap results with the prediction results in Supplementary Table A1 . The proposed measures focus on the overlap of gene sets. Prediction depends on the set of genes as well as magnitudes and signs of their estimates. Thus, we do not expect the computed overlap measures to be able to fully explain the prediction results.
The research on overlap between gene signatures is still immature. Some studies-including the present one-are statistical, whereas others are biological. To really comprehensively measure the overlap of two signatures, both biological and statistical information is needed. The proposed measures focus on the sets of identified genes. Information on the estimates and significance level is not used. When the estimates are comparable across data sets, it is desirable to develop methods that can take the estimates and significance into account. More methodological development is needed, and more research is needed to comprehend and use the overlap information.
Supplementary data
Supplementary data are available online at http://bib. oxfordjournals.org/.
Key Points
• It is important to evaluate the overlap of gene signatures on a single cancer type and outcome and on multiple different cancer types.
• Multiple measures for the degree of overlap, under fixed tunings and multiple tunings along the whole solution paths, have been examined.
• The analysis of TCGA data on the prognosis of five cancer types suggests that different measures generate different results, and the proposed measures can provide additional insights beyond the existing simple measure.
• More investigations are needed to evaluate and understand the overlap between gene signatures.
